Spatial distribution and population density are important parameters in studies on urban development, resource allocation, emergency management, and risk analysis. High-resolution height data can be used to estimate the total or spatial pattern of the urban population for small study areas, e.g., the downtown area of a city or a community. However, there has been no case of population estimation for large areas. This paper tries to estimate the urban population of prefectural cities in China using building height data. Building height in urban population settlement (Mdiffs) was first extracted using the digital surface model (DSM), digital elevation model (DEM), and land use data. Then, the relationships between the census-based urban population density (CPD) and the Mdiffs density (MDD) for different regions were regressed. Using these results, the urban population for prefectural cities of China was finally estimated. The results showed that a good linear correlation was found between Mdiffs and the census data in each type of region, as all the adjusted R 2 values were above 0.9 and all the models passed the significance test (95% confidence level). The ratio of the estimated population to the census population (PER) was between 0.7 and 1.3 for 76% of the cities in China. This is the first attempt to estimate the urban population using building height data for prefectural cities in China. This method produced reasonable results and can be effectively used for spatial distribution estimates of the urban population in large scale areas.
Introduction
The spatial pattern of regional populations is closely related to the geographical, societal, and economic environments, as well as to natural resources. Understanding the population size, density, and spatial distribution is beneficial for urban planning, resource allocation, and disaster risk management [1] . Census population data, geographic information system (GIS), and remote sensing data, and social media data are currently major sources for demographic studies.
Census data are relatively accurate; however, they are labor intensive and time consuming to obtain and update. They are based on the administrative unit and have low spatial resolution, and do not reflect dynamic changes in population in a timely manner [2, 3] . These limitations make it population. The results showed that the RMSE and mean absolute relative error (MARE) of the population estimation were 13 and 33.52%, respectively.
It can be concluded that high-resolution height data can be well used to estimate the total or spatial pattern of the urban population for small study areas, e.g., the downtown area of a city or a community. However, there is a lack of evidence as to whether height data can be used to estimate the total urban population of large areas. In this paper, height data was used to estimate the urban population of prefectural cities in China. The building height in urban areas was first obtained according to the DSM and DEM datasets. Next, three algorithms were used to classify the whole search area, and then regression models between the census population density and total building height were built and analyzed for the prefectural cities. By comparing the regression results and through comprehensive analysis, an optimum classification algorithm was developed. Subsequently, the population of China was estimated using the regression models from the optimum classification algorithm, and the results were finally compared with the census population.
Data and Method

Data
The data used in this paper mainly include DSM, DEM, land use data, census data, and basic geographic information data. Details are shown in Table 1 . The DSM captures natural and built features on the earth's surface. Only 30 m resolution data is available, thus it needed to be resampled to 1 km. DEM is a 3D, computer-generated, graphical representation of a terrain's surface, and only represents the bare-earth height information without any further definition about the surface. Land use data shows the type of a certain district. The land use data used in this paper includes the natural landscape, human activity areas, and unutilized land. The human activity areas include urban land, suburban settlements, and construction land. Urban land refers to large, medium, and small cities, and some built-up areas which rank above counties and towns. The total number of land use types is 26, each of which is recorded by a code. Urban areas are coded as 51. The census population data used in this paper refer to the permanent resident population from the sixth national population census of China. All the data are projected with equal-area Albers.
Method
The technical flow of estimating the population using the proposed method in this study is shown in Figure 1 . The method includes the following three steps: Step
1: Calculation of Building Height and Calibration of Mdiffs
The DSM data values represent the elevation of the surface including built up features, and the DEM data values represent the bare-earth elevation of the terrain, thus the average height (diffs) data can be calculated according to Equation (1) .
The digital number (DN) value of the diffs data in urban areas was referred to as Mdiffs and was approximately equal to the average height of the buildings. Urban areas were defined by the urban land type in land use data where there was an urban population.
Outliers with very large and negative values were observed in the Mdiffs data. Outliers less than 0 were changed to 0 in theory. As for outliers with very large values, an accurate range could not be obtained. In order to ensure a relatively reasonable range, the 30 m resolution DSM and DEM data for some large urbanized cities may be helpful: The Mdiffs with 30m resolution was able to be obtained directly according to Equation (1) and the land use data. Then, the negative values were changed to 0. Next, the Mdiffs of these cities were resampled to 1 km resolution, and their maximum Step 1: Calculation of Building Height and Calibration of Mdiffs
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Step 2: Classifying the Study Area
In view of the large area and geographic regional diversity in China, the whole study area should be classified into different categories. In urban areas, a linear relationship between building height and population size was assumed if differences in land use were not considered. Population and Mdiffs were the feature variables of each prefectural region or prefectural city in China. Their ratio (Equation (2)) could reflect the average population density in the 3D space or the average vacancy rate of a city. It is advantageous to study result if cities with similar features can be divided into a class.
where CPD and MDD represent the urban population density from the census data (unit: People/km 2 ) and the density of Mdiffs at the prefectural city level (unit: Meter/km 2 ), respectively. The K value is reasonable as long as both the CPD and MDD are larger than zero. The prefectural cities of China were then classified according to the K index and the classification code was recorded as k. Firstly, a box plot was graphed to describe the outliers and interquartile range. Then the k-medoids algorithm was applied to confirm the optimum clustering number (Cnum) and the clustering result. After that, the hierarchical clustering algorithm was also tried in R language to divide the Cnum categories. Finally, the results of the three methods were compared to obtain the optimum method for the population estimate.
Step 3: Urban Population Estimation
Based on the classification results of the different algorithms, the density of the census population (CPD), which was chosen as the dependent variable, was fitted with density of Mdiffs (MDD) using the linear regression model through the origin in each k class. This model was adopted because the population of a region should be zero if its MDD value is zero. Then the statistical information of the regression models based on the different classification results was compared and integrated to find the optimum classification algorithm whose regression coefficients were recorded as a ki . The a ki for all pixels in region k is assumed to be equivalent; thus, the gridded urban population in region k can be calculated according to Equation (3) . Thus, the total urban population in China can be obtained by the summation of the estimated total urban population of the different regions.
where GEP ki is the estimated population for each grid i in region k; a ki is the coefficient; and DN ki is the DN value of the Mdiffs data of grid i in region k.
Results and Discussion
Results
Beijing, Shanghai, Guangzhou are the most urbanized and developed cities in China. Therefore, they were selected to calibrate the outliers. The value of Dmax was set to 100 in this paper.
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Discussion
The total estimated urban population was 7.03 million, while census urban population was 6.70 million. The overall relative error was 4.9%. In order to evaluate the results, the estimated population was compared with the census population for each city. PER, the ratio of estimated urban population (EP) to census urban population (CP) (dividing the EP by the CP), was considered to be an index to evaluate the results for each city. Figure 4 shows the spatial distribution of PER. Table 4 shows the statistical information for PER. A total of 301 prefectures, 
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The difference between the estimated population and census data is mainly caused by the accuracy of the datasets (land use data, DSM data, DEM data and census data), statistical methods and different building vacancy rates. Underestimation in most prefectural cities is mainly caused by regression models. With the development of LiDAR technology, more accurate DSM and DEM data will become available; thus, the population estimation results will be further improved. If the future DSM and DEM data for a region can be predicted based on the urban development conditions, the future population of the region can also be estimated. In addition, the spatial resolution of the estimation results can be improved according to the resolution of the land use data, which is an advantage compared to using night-time light data. Populations with a higher spatial resolution, such as 500 m, 300 m, or even 30 m, can be estimated if higher resolution land use data are used.
Conclusions
In this paper, the elevation difference between the DSM and DEM data was first calculated, and then the Mdiffs was extracted through land use data. Based on the MDD and CPD of the prefectural regions, China was divided into six region types using the adjusted box plot algorithm based on the K index; the regression functions through the origin between the MDD and CPD of the cities were then fitted. The urban population of China was estimated using these functions, and the results were compared with the census urban population. The results showed that a good linear correlation was found between the Mdiffs and the census data in each type of region, with all the adjusted R 2 values above 0.9. The total estimated urban population of China in 2010 was close to the census population, but slightly overestimated. The results identified 301 prefectures, which accounts for 87.52% of the total number of prefectures in China, and the PER value was between 0.7 and 1.3.
The paper selected the K index to classify the study area through many tests. The character variables-CPD, MDD, and K-and their logarithms attempted to create different combinations. With regard to the classification algorithms, partitioning around medoids (k-medoids), affinity propagation (AP), average silhouette, and density-based spatial clustering of applications with noise (DBSCAN) were tested to confirm the optimum clustering number. However, only the results of the k-medoids method with the K index was appropriate. With regard to the hierarchical clustering, other linkage criteria methods were tried such as the maximum distance, median and Ward's method. However, the Mcquitty method (using the Euclidean distance as a metric) was found to be the best (the best method was confirmed using the regression results and spatial distribution method).
This work used DSM and DEM data to estimate the urban population of China. Compared with population estimations using mobile phone data, the proposed method is simple and not limited by users and data privacy issues. Compared with previous work, this paper extracted height data with a 1 km resolution and regressed it with the census population directly at the prefectural city level instead of estimating the population with high resolution data for small areas (e.g., the downtown area of a city or a community). The estimated total urban population was very close to the census population. The study proved that height data can be used to estimate the regional population of large areas.
The difference between the estimated population and the census data was mainly caused by the accuracy of the datasets (land use data, DSM data, DEM data and census data), statistical methods, and different building vacancy rates. Underestimation in most of the prefectural cities was mainly caused by the regression models.
